Abstract: During their long-term outdoor field service, overhead transmission lines will be exposed to strikes by lightning, corrosion by chemical contaminants, ice-shedding, wind vibration of conductors, line galloping, external destructive forces and so on, which will generally cause a series of latent faults such as aluminum strand fracture. This may lead to broken transmission lines which will have a very strong impact on the safe operation of power grids that if the latent faults cannot be recognized and fixed as soon as possible. The detection of broken strands in transmission lines using inspection robots equipped with suitable detectors is a method with good prospects. In this paper, a method for detecting broken strands in transmission lines using an eddy current transducer (ECT) carried by a robot is developed, and an approach for identifying broken strands in transmission lines based on an S-transform is proposed. The proposed approach utilizes the S-transform to extract the module and phase information at each frequency point from detection signals. Through module phase and comparison, the characteristic frequency points are ascertained, and the fault information of the detection signal is constructed. The degree of confidence of broken strand identification is defined by the Shannon fuzzy entropy (SFE-BSICD). The proposed approach combines module information while utilizing phase information, SFE-BSICD, and the energy, so the reliability is greatly improved. These characteristic qualities of broken strands in transmission lines are used as the input of a multi-classification OPEN ACCESS
Instruction
Electrical conductors composed of twisted aluminum wires are the most widely used as transmission lines in power grids. During their long-term outdoor field service, overhead transmission lines may be damaged by lightning strikes, corrosion by chemical contaminants, ice-shedding, wind vibration of conductors, line galloping, destructive external forces and so forth [1] [2] [3] [4] [5] . Faults occurring in transmission lines such as broken strands must be detected as early as possible to avoid fatal breakdowns. To ensure the safe operation of a power system, transmission lines need be inspected in a timely fashion. The common means used for inspection of latent faults in transmission lines is manual examination with hand-held devices such as telescopes. This method is not only labor-intensive, but also low precision. Aerial maintenance of transmission lines by helicopter is efficient, but dangerous [6, 7] . Recently, with the development of artificial intelligence technologies and smart grids, the development of methods for transmission line inspection by robots have become a hot research topic [8, 9] .
In practice, transmission lines are usually inspected by robots carrying video sensors [10] . This method can directly detect any breakages on the surface of cables, but has limited capability for finding the inner flaws in the cables. It is known that thermal radiation can be produced by in service transmission lines. Based on the differences in the heat dissipation ability and the intensity of infrared radiation between the cables' broken and normal unbroken states, broken strands in cables can be detected by passive infrared (PIR) sensors made of artificial pyroelectric materials [11] . The method based on the PIR sensors is however very sensitive to the ambient temperature and currently limited to inspecting transmission lines when out of service. An approach for detecting broken strands in transmission lines using ultrasonic sensors was presented in [12] . This method uses sending/receiving sensors to generate/receive ultrasonic waves in cables. Defects in the cable cause a portion of the incident ultrasonic wave to be reflected back to the transducer, where when received, it can be used to identify the presence of a defect. Piezoelectric ceramic ultrasonic sensors are generally installed in the transmission lines and need ultrasonic coupling agents to decrease acoustic resistance. In [13] a non-destructive monitoring system for diagnosis of the mechanical integrity of electric conductors based on inspection robots and electro-magnetic-acoustic transducers (EMAT) was described. In [14, 15] , a high temperature superconductor (HTS) superconducting quantum interference device (SQUID) with unsurpassed high magnetic sensitivity is applied to detect single wire breakage in transmission lines. While applying an AC current of 2.6 mA at 200 Hz to the electrical conductor, the magnetic field gradient distribution above the conductor was scanned two-dimensionally by a HTS-SQUID gradiometer. A periodic pattern can be detected along the locus of the broken wire in the distribution from a conductor with a wire breakage, while such a pattern cannot be observed in that from normal conductors without such breakages. In practice, however, the HTS-SQUID equipment is too large and heavy to be carried by an inspection robot. The authors of [16] proposed that the acoustic signal generated as a result of corona effects can be used as a damage symptom, as its intensity usually increases after the occurrence of damage or after contamination of the surface of a conductor. Signals generated as results of damage and contamination can be distinguished by methods based on radio frequency (RF) signal interference or by classical acoustic signal analysis methods. In [17] it is proposed that the broken steel strands in transmission lines can be detected by magnetizing the steel strands with coils around the cable or a permanent magnet, but the developed transducer scan will not detect broken aluminum strands in transmission lines. The research described in [18] suggests that an electromagnetic induction method for detecting flaws might be very feasible. Consequently, a kind of ECT with an absolute probe was developed to provide information to evaluate the serious deterioration in ACSR cables due to forest fires. The excitation coil and detection coil of the absolute probe are the same coil. The probe changes its impedance with changes in the electromagnetic properties and structure of test conductors [19] . As the ECT with a differential probe is very sensitive to defects yet relatively insensitive to ambient magnetic field and temperature variations, the differential probe composed of differential coils based on the concept of electromagnetic induction was developed to detect flaws in transmission lines by [20] . The excitation coil and detection coil of the differential probe are also the same coil.
Feature extraction, which is a mapping process from the measured signal space to the feature space, can be regarded as the most important step for intelligent fault diagnosis systems. Representative features associated with the conditions of tested components should be extracted by using appropriate signal processing and calculation techniques. Over the past few years, many techniques including Fourier Transform (FT), envelope analysis, wavelet analysis, empirical mode decomposition (EMD) and time-frequency distributions were employed to process detection signals [21] [22] [23] . Based on these processing techniques, statistic calculation methods, autoregressive model (AR), singular value decomposition (SVD), principal component analysis (PCA) and independent component analysis (ICA) have been adopted to extract representative features for fault diagnosis [24] [25] [26] . Among the algorithms suitable for non-stationary time-series data such as the case of signal processing for detecting broken strands in transmission lines, the wavelet is found to be most efficient since its multi-resolution decomposition contains time domain information of the signal at different scales. Although wavelets are a promising tool for detecting and extracting relevant features of various types of non-stationary time series data, they are still not optimal since they are a set of band pass filters with no exact cut-off frequency. Besides, wavelet-based methods require more examples for training a large number of neural networks for pattern classification, so even though several techniques have been proposed in the literature for feature extraction, implementation of a diagnostic tool for real-world monitoring applications still remains a challenge because of the complexity of machinery structures and operating conditions. The S-transform, introduced by Stockwell et al. [27, 28] , which combines the separate strengths of the STFT and wavelet transforms, has provided an alternative approach to process the non-stationary signals. It employs a variable window length. The frequency-dependent window function produces higher frequency resolution at lower frequencies, while at higher frequencies, sharper time localization can be achieved. Furthermore, the S-transform has an advantage in that it provides multi-resolution analysis while retaining the absolute phase of each frequency. This has led to its application for detection and interpretation of time series events in a variety of disciplines. Some examples are analysis of the time variation in the amplitude and phases of sea level data in oceanography, analysis of seismic waveforms and electrocardiogram data in cardiology, power quality disturbance data, etc. Thus, the S-transform has become a valuable tool for the analysis of signals in many applications [29] [30] [31] [32] [33] . Approaches for automated detection and classification of time-series data, proposed recently based on K-nearest neighbor classifiers, fuzzy logic-based pattern recognition system, artificial neural networks, (ANN), support vector machine (SVM), fuzzy logic and evolving algorithms (EA) have all been successfully applied to automated detection and diagnosis of the conditions of different kinds of components [30] [31] [32] [33] [34] . They have largely improved the reliability and automation of fault diagnosis systems for facilities.
In this study, a method for detecting broken strands in transmission lines using an ECT carried by an inspection robot is proposed. The ECT is composed of an excitation coil and differential detection coils, which are composed in turn of the same two coils connected in subtractive series. The differential detection coils are separated from the excitation coil, and only used to receive the magnetic field variation information. This paper also presents a novel feature extraction scheme that incorporates the S-transform and a multi-classification SVM for quantitatively identifying broken strands in transmission lines. The proposed approach utilizes the S-transform to extract the module and phase information at each frequency point from detection signals. Through module and phase comparison, the characteristic frequency points are ascertained. The degree of confidence of broken strands identification is defined by SFE-BSICD. The proposed approach combines module information while utilizing phase information, SFE-BSICD and energy of detection signal, so the reliability is greatly improved. These feature qualities of broken strands in transmission line is extracted and used as the input of an SVM with multi-classification, then the number of broken strands can be determined. To further improve the accuracy of classification, a penalty parameter of the error term kernel parameter for the SVM is optimized by a genetic algorithm (GA) technique. The possibility of detecting defects in transmission lines is then studied in field experiments.
Feature Extraction from Detection Signals Employing an S-Transform

S-Transform
The Continuous S-Transform
The STFT is commonly used in time-frequency signal processing. One of its drawbacks is the fixed width and height of the analysis window, which causes misinterpretation of signal components with periods longer than the window width, and the finite width limits the time resolution of high-frequency signal components. One solution is to scale the dimensions of the analysis window to accommodate a similar number of cycles for each spectral component, as in wavelets [21] . This leads to the S-transform introduced by Stockwell et al. [27] . Like the STFT, it is a time-localized Fourier spectrum which maintains the absolute phase of each localized frequency component. Unlike the STFT, the S-transform has a window whose height and width are frequency-varying. The S-transform is originally defined with a Gaussian window whose standard deviation is scaled to be equal to one wavelength of the complex Fourier spectrum. The S-transform of a time signal h(t) as defined in [27, 28] is: where σ is scale factor and σ = 1/| f |; A is an amplitude factor and A = (τ,f); e iθ(τ,f) is a phase factor. The normalizing factor 2 f , in (1) ensures that, when integrated over all τ, S(τ,f) converges to H(f), the Fourier transform of h(t):
It is clear that (2) can be obtained from S(τ,f), therefore, the S-transform is invertible. The S-transform can be derived from the continuous wavelet transform (CWT) [28] . Precisely, as it is presented in the literature [21] , the CWT W(τ,f) of a signal h(t) can be defined as a series of correlations of the time series with a function called mother wavelet:
where ω(τ,d) is a scaled replica of the fundamental mother wavelet. The dilatation parameter d determines the width of the wavelet ω(τ,d) and, thus controls the resolution. Some conditions as admissibility and zero mean [21] are imposed on the mother wavelet ω(τ,d). The S-transform S(τ,f) of a signal h(t) is defined as a CWT with a particular wavelet multiplied by the phase factor:
where the mother wavelet is defined as:
The factor d is the inverse of the frequency f. The mother wavelet in (5) does not satisfy the zero mean condition for an admissible wavelet (which is a restriction of wavelet transforms); therefore, (4) is not strictly a CWT.
From the two last equations, the S-transform is defined as by the same equation as (1) . If the S-transform is indeed a representation of the local spectrum, one would expect a simple operation of averaging the local spectra over time to give the Fourier transform. This shows that the S-transform is a generalization of the Fourier transform to non-stationary time series and, therefore, it is adapted in our case with the signal of detecting broken strands in transmission line.
The Discrete S-Transform
Let h [kT] , k = 0,1,…,N − 1 denote a discrete time series, corresponding to x(t), with a time sampling interval of T. The discrete Fourier transform is given by:
where n = 0,1,…,N − 1. In the discrete case, the S-transform is the projection of the vector defined by the time series h[kT] on to a spanning set of vectors [21] . The spanning vectors are not orthogonal, and the elements of the S-transform are not independent. Each basis vector (of the Fourier transform) is divided into N localized vectors by an element-by-element product with N shifted Gaussians, such that the sum of these N localized vectors is the original basis vector. Letting f → n/NT and τ → kT, the discrete version of S-transform is given in [28] as follows: where A(kT,n/(NT)) is magnitude factor of discrete S-transform. e (−kT,n/(NT)) is phase factor of discrete S-transform. The multi-resolution S-transform output is a complex matrix, the rows of which are the frequencies and the columns are the time complex values, the complex values can be converted to magnitude and phase angle values.
Feature Extraction Based on the S-Transform
Papers [31, 32] study the superior performance of S-transform in detecting frequency components and the showing-up time of high frequency components compared with other methods. Paper [28] studies the magnitude-frequency and phase-frequency characteristic extracted by the S-transform. Four simulated ideal synthetic signals were used to evaluate the performance of magnitude-frequency and phase-frequency characteristic extraction by [35] , which proposed that the larger of the amplitude of the frequency point, the more reliable the phase angle of the frequency point. It was also proposed that the amplitude-frequency and phase-frequency characteristics of the sampling point can be correctly calculated by the S-transform.
In this study, the sampling rate is 1 Ms/s, h(t) can be denoted as h(k) after sampling, so k = N, and N is the number of sampling points, h(k) can be denoted as:
The time-frequency matrix S h can be calculated by h(k) based on the S-transform. According to the principle of the S-transform, each row of the matrix S h corresponds to a frequency component of the detection signal, and each column of the matrix corresponds to a sampling point, so the rows of the matrix S h represent the frequency components of 0 Hz to 25 kHz with interval of 5 kHz and the size of the matrix S h is 6 × N, and can be denoted as shown in Figure 1 .
The module and phase of each element in the matrix S h can be calculated by:
where Sh(m,k) = x n (m,k) + jx n (m,k), j is the imaginary unit; m = 1,2,…,301, k = 1,2,…,N, ρ(·) represents the calculation of module, and θ(·) the calculation of phase. Then the module matrix ρ _Sh and phase matrix θ _Sh of the detection signal can be obtained. 
The columns of the matrix ρ _Sh can be ranked in order of size, the frequency component with maximum amplitude and maximum frequency is called the feature frequency component, whose module and phase are ρ _Shmax and θ _Shmax , respectively.
It is considered that the accuracy of the phase can be verified by the module [35] , then broken strands identification confidence degree (BSICD) at the can be defined as:
where, k 0 is the sampling point, and the larger of λ (k), more number of broken strands in cable.
It is proposed by [35, 36] that Shannon fuzzy entropy (SFE) can characterize the uncertainty and fuzzy property of an event. The SFE can be expressed as:
Two-dimensional SFE is shown in Figure 2 . It can be seen from the figure that SFE is a non-monotonic function, so λ n (k) can be mapped from the interval 
Then BSICD can be fused by SFE, and SFE-BSICD can be defined as:
where S(λ * n ) can be expressed as:
So the larger of BSICD, the more number of broken strands in transmission line, whereas the smaller SFE and SFE-BSICD will be.
At the same time the energy of the signal can be calculated and as a quality feature, the energy E of the detection signals is defined as: 
Multi-Classification Support Vector Machine
Support Vector Machine (SVM) is a useful technique for data classification [37] . A classification task usually involves training and testing data which consist of some data instances. Each instance in the training set contains one "target value" (class labels) and several "attributes" (features). The goal of SVM is to produce a model which predicts the target value of data instances in the testing set when given only the attributes.
Given a training set of instance-label pairs (x i , y i ), i = 1,2,…,N, where x i ∈R n and y∈{−1,+1} N , the SVM requires the solution of the following optimization problem: 
where γ is kernel parameter, and γ > 0. The optimization problem can be solved by the Lagrange method of multipliers. A Lagrange function can be created: 
Given the C and γ, α results from solving the expression (20) , then ω comes correspondingly. The classification threshold can be calculated based on the Karush-Kuhn-Tucker (KKT) conditions, so the decision function is:
The SVM is a binary classifier, whereas detecting broken strands in cables is a multi-classification problem. To detect the different number of broken strands in cable, a multi-classification machine is constructed based on "one-against-one" to solve the multi-classification problem [38] . The basic principle of "one-against-one" is that (N − 1)/2 SVM can be constructed to solve an N class discrimination problem. Every two classes can be distinguished by the trained SVM. It is supposed that the training data belong to the kth and the lth class, the binary classifier can be transferred to the multi-classifier:
where if ( ) ( )
, x i belongs to the lth class. A Genetic Algorithm (GA) is an optimization algorithm simulating biological inheritance and evolutionary processes, which possesses characteristics such as high parallelism, random, global search and self-adaptation, and the solving process of an optimization problem is turned into an adaptive assessment of individuals of the population every generation, and forming a new offspring population by making a choice, crossover and mutation of the parent individuals. By the evolution of eugenic competitions, it finally converges to the individual with best fitness, and thus obtains the optimal solution [39] . In this study, the best parameters of C and γ for SVM are determined by a GA. The goal of the GA is to seek the highest accuracy of classification, so the fitness of the GA is defined as follows:
where A is the number of the training data, and B is the number of misclassifications. After being trained with the feature quality of the historic training data, the best parameters C and γ for SVM can be determined.
Diagnosis of Broken Strands in Transmission Lines by the Developed ECT
The Principle for Detecting Broken Strands in Transmission Lines by ECT
The excitation coil and detection coil of the absolute probe developed by [19] and the differential probe developed by [20] are the same coil, while reflection probes have two independent coils, that is the detection coil is separated from the excitation coil, and only used to receive the magnetic field variation information. Thanks to the electrostatic shield effect between the excitation coil and detection coil, the noise of the reflection probe resulting from electrostatic induction is much smaller than that of absolute or traditional differential probe [40] and the reflection probe is more sensitive to defects than an absolute probe [40] . In this study, a kind of ECT with a reflection probe was developed. The detection coil is composed of the same two coils connected in subtractive series.
As we all know, the electrical conductors used as overhead transmission lines are twisted from aluminum wires, such as aluminum conductor steel reinforced (ACSR) cable, so there are small gaps between the single aluminum wires. To avoid disturbance signal results from the gaps between the single wires in cables, the detection coil has two active coils wound in opposition. The principle for detecting broken strands in cable by the developed ECT is shown in Figure 3a ,b. When the excitation coil with an AC energized current is over a test sample, an eddy current is induced on the surface of the conductor. The amplitude, phase and flow direction of this eddy current vary with the performance of the cable. If the test cable is flaw-free, the amount of magnetic flux that passes through the two sub-detection coils is the same, and there is no differential signal developed between these two sub-detection coils, which are both inspecting an identical material. However, when one detection coil is over a defect and the other is over good material, the amount of magnetic flux that passes through the two sub-detection coils is different, and a differential signal is produced correspondingly. 
Structure of the ECT
In this study, a prototype of the ECT probe has been developed for LGJ-240 lines, which are widely used as overhead transmission lines of 220 kV to 500 kV current. The profile and parameters of LGJ-240 are shown in Table 1 . The design parameters of the excitation coil and detection coils are shown in Table 2 and Figure 4a , while the developed ECT probe prototype is shown in Figure 4b . The excitation coil is applied with 100 mA AC energized current of 20 kHz. The hardware structure of the ECT for detecting broken strands in transmission lines is shown in Figure 5 . Figure 5a is the hardware framework of the ECT, and Figure 2b is the hardware prototype of the ECT. The ECT hardware is mainly composed of a direct digital synthesis source (DDS), signal conditioning circuit (SCC), signal offset circuit (SOC), controller circuit (CC), data acquisition card (DAC), difference amplifier (DA), relay switch array (RSA) and inspection channels switch array (ICSA). The principle and function of each circuit in Figure 5 is described as follows:
(1) DDS-To detect broken strands in cables, a highly stable energized signal is needed. As we know, the DDS technique involves changing digital signals into analogue signals using a digital-to-analog converter. Compared with other techniques, DDS has the advantages of shorter conversion time consumed, higher frequency resolution, and easier integration. The AD9833 DDS chip is a programmable signal generator, and communicates with the CPU by a serial peripheral interface (SPI).The frequency and phase can be adjusted on-line by the program. Superior signal source performance can be achieved by the AD9833 and a low pass filter, so DDS is applied in this study to produce a highly stable sinusoidal wave energized signal. (2) SCC-The SCC includes a filter circuit (FC), amplitude adjustment circuit (AAC) and power amplifier circuit (PAC). The amplitude of the energized signal generated by the DDS can be adjusted by the AAC. In this study, a 100 mA energized current can be obtained after being processed by the AAC. To drive the excitation coil, the energized current needs to be processed by the PAC before being applied to the excitation coil. (3) SOC-The induced main field of the differential detection coils can be offset by the SOC, which is composed of the DDS 2, and signal conditioning circuit 2. Then the sensitivity of the detection system can be enhanced. 
Flow of Identifying Broken Strands in Transmission Line
The flowchart of the broken strands identification system is shown in Figure 6 . The whole flow for determining the number of broken strands in a transmission line with the ECT based on an S-transform and SVM is as follows:
(1) The ECT parameters are first determined according to the specific type of transmission line. The 100 mA AC energized current of 20 kHz is generated by the DDS. (2) The energized current after being processed by the SCC is then applied to the excitation coil.
When the excitation coil with the AC energized current carried by robot is over an inspected transmission line, an eddy current is induced on the surface of conductor. The amplitude, phase and flow direction of this eddy current varies with the performance of the cable. (3) The differential detection coils are separated from the excitation coil, and only used to receive the magnetic field variation information. If the inspected transmission line is flaw-free, the amount of magnetic flux passes through two sub-detection coils is the same, and there is no differential signal developed between two sub-detection coils. However, when one coil for detection is over a defect and the other is over good material, the amount of magnetic flux passes through two sub-detection coils is different, and a differential signal is produced correspondingly. (21) and (22) and the SVM for identifying the number of broken strands is determined. (7) After the SVM for identifying the number of broken strands has been trained, the ECT is taken by robot to detect broken strands in the tested transmission lines. A group of feature qualities of detection signals extracted from the detection signals are used to test the SVM. Then the number of broken strands in the inspected transmission line can then be determined. 
Experimental Setup and Performance Evaluation
Field Experiment Platform
The field experiment set-up is shown in Figure 7 . The ECT is integrated with the transmission line inspection robot. The specimen of LGJ-240 is inspected by the robot with ECT and other detectors.
LGJ-240, which is a kind of cable widely used in China as overhead transmission lines for 220 kV to 500 kV current, is composed of 24 twisted aluminum wires and seven twisted steel wires in the centre. In this study, a single transmission line is used with an AC current of 500 A at 50 Hz. 
Performance Evaluation
As the eddy current induced by only one excitation coil cannot cover the whole cable circumference, four ECT probes are arranged evenly around the cable in this study. The arrangement of the ECT probe array is shown in Figures 8a to Figure 13a . The detection signal of only one ECT probe is analyzed in this study to show the validity and feasibility of the detection scheme based on the S-transform and multi-classification SVM. Figures 8 to 13 show the original detection signals, amplitude and phase of the detection signals when there are different broken strands in the transmission line, where U is the amplitude of the detection signal in volts, θ is the phase of the detection signal in degrees, ΔU is the difference between the maximum and minimum amplitude of the detection signal, Δθ is the difference between the maximum and minimum phase of the detection signal. It can be seen from Figure 8 to Figure 13 that:
(1) The amplitude U and phase θ obviously change when there are broken strands in the transmission line, so the developed ECT can detect broken strands with high sensitivity, reliability and stability. An algorithm for detecting broken strands in transmission lines can be proposed based on the amplitude U and phase θ. (2) The amplitude difference ΔU and phase difference Δθ vary with the number of broken strands.
The more broken strands in a transmission line, the larger value the of ΔU and Δθ, so the amplitude difference ΔU and phase difference Δθ can be used as characteristic parameters for detecting broken strands in transmission lines. (3) The amplitude U and phase θ calculated by the S-transform change more obviously than the original detection signal. It can be seen from Figure 8a that only one broken strand in a transmission line cannot be detected only by the original signal, whereas the one broken strand can be detected easily by the amplitude U and phase θ variation shown in Figure 8c ,d. 
In this study, the fitness (classification accuracy) cure of seeking for best C and γ of SVM by GA is shown in Figure 14 . The fitness of the GA is the classification accuracy. The best C and γ are 0.327 and 30.03, respectively. Fifty groups of detection signals were used to train the multi-classification SVM, and another 20 groups of detection signals were used to test the SVM. The feature qualities of the tested signal are shown in Table 3 . It can be seen from Figure 15 and Table 3 that the multi-classification accuracy is 100%. The diagnosis results are accordance with the actual results, so the number of broken strands in a transmission line can be determined by the developed ECT and the proposed algorithm.
It is proposed by [11] that broken strands in transmission lines in service can be detected by the passive infrared (PIR) sensors. The feature qualities extracted from the detection signal are input to a BP network (BPN) for classification to determine the number of broken strands in the transmission line. In order to compare the performance of identifying the number of broken strands by SVM and BPN, the feature qualities extracted by this study are also input to the BPN. It can be seen from Table 3 that the number of broken strands in the 6th, 10th and 12th specimen are wrongly determined. The accuracy of BPN is nearly 85%, so the proposed SVM with the best C and γ parameters has better capability of diagnosing broken strands in transmission lines. 
Conclusions
(1) A kind of ECT for detecting broken strands in transmission lines has been developed in this paper. The ECT probe is designed for LGJ-240 transmission lines. At the same time, the structural style and design method of the ECT can be applied to the design of ECTs for other types of transmission line. The specific parameters of the ECT probe can be determined by the type of transmission line. (2) The ECT probe is composed of an excitation coil and a differential detection coil, which is composed of the same two coils connected in subtractive series. The detection signal is processed by an S-transform to extract relevant features such as module, phase, energy and the corresponding defined SFE-BSICD. Then not only broken strands in cable can be detected with high reliability and sensitivity, but also the hardware circuit of the ECT is simplified. (3) Energized current of sinusoidal wave in ECT is generated by a DDS in this study, so the accuracy and stability of the detection signal is improved correspondingly. (4) Experimental results show that the magnetic field produced by the current in a transmission line has no impact on the performance of the ECT for detecting broken strands in the transmission line, so the developed method for detecting broken strands is suitable for on-line real time inspection.
(5) A novel feature extraction scheme incorporates an S-transform and multi-classification SVM for quantitatively identifying broken strands in transmission lines is proposed by this paper, the penalty parameter of the error term kernel parameter for the SVM is optimized by GA, so the classification accuracy is very high. The detection accuracy is sufficient to locate flaws of one half the size of one strand, which is adequate for industrial requirements, so the developed ECT and proposed detection scheme for detecting broken strands in transmission lines make an important contribution for insuring the safe operation of transmission lines.
